Abstract. A Digital Image Correlation method is used to study a compression test carried out on crimped glass wool samples to determine the displacement field, which reveals strain heterogeneities and further localization. The structure of the wool is locally strongly anisotropic, even though the preferential orientation varies significantly in space. This structure is analyzed using an ad hoc orientation detection tool. It is shown that the strain amplitude can be correlated with texture gradients for this type of material.
Introduction
Mineral wool is a naturally textured material, well-known for its thermal and acoustic insulation properties. For some particular applications, mechanical performances are also required such as compression and tearing strengths. To evaluate the mechanical performances of the material and to quantify the effect of process parameters, mechanical tests are carried out.
To analyze tests performed on such a soft material, a contact-less method is needed. Moreover the method has to be able to deal with high strain levels. Digital Image Correlation (DIC) is particularly suited to that type of analysis. This technique is easy to use and has proven to be an efficient tool whose resolution can be extended much below the pixel accuracy (i.e., 10 −2 pixel or below in suited cases). To reach high strain levels as for mineral wool tests with a very good resolution, a multiscale approach of DIC can be used. It allows for large displacements between images with both a very good robustness and resolution.
Mineral wool being a highly textured material because of its natural fibrous character, it is interesting to look for a relationship between local anisotropy and mechanical strain. A tool that enables one to estimate the anisotropy of images or zones of images and the corresponding orientation field is needed. While DIC provides a strain field from mechanical tests, a texture analysis gives access to the initial orientation field of the tested sample.
The purpose of the study is to present an analysis of a compression test using both DIC and texture analysis methods. Section 2 introduces the crimping process. Section 3 deals with the DIC method. The multiscale approach and the choice of the correlation parameters are discussed. Section 4 presents the texture analysis method and its results on, first, a test case, and then on the crimped glass wool sample. Last, the mechanical test carried out on the same crimped glass wool sample is analyzed in Section 5. Compression test is performed up to −20% global strain and the relationship between the strain field and the initial texture is investigated.
Crimped glass wool
Glass wool is a cellular solid made of glass fibers whose diameter is in the range 1-5 µm, and millimetric or centimetric length. Those fibers are entangled to form a very loose mat (a few kg/m 3 ). A binder sprayed on the fibers, and cured in an oven, freezes the arrangement of the fibers and provides some elasticity to the product. As such this gives a very good insulating material, with however little mechanical performances. For applications that are more demanding on the mechanical side, the fiber mat is processed before the curing stage to produce a structure endowing the material with a stronger mechanical resistance (to compression, tearing, or shear). This step is called "crimping". It consists in breaking the naturally layered structure of the mat, through an on-line transverse and axial compression. The denser layers are buckled in the axial compression, and produce a more isotropic fiber orientation ( Fig. 1) , and in particular a larger population of vertical fibers, whose mechanical stiffness and strength are much larger than for the initially layered material. This underlines the key role of the product texture for its mechanical behavior, and hence a proper characterization of both the local texture, and the local strain (and their interdependence), is required to optimize the product. This motivates the study detailed in Section 5.
Displacement measurement by digital image correlation
DIC is based on the use of an image matching algorithm (i.e., correlation product), which can be performed either in the physical space (Sutton et al., 1983; Chu et al., 1985) or in Fourier space (Chen et al., 1993; Berthaud et al., 1996) . In the present case, Fourier computations are used. The in-plane displacement field is evaluated with the cross-correlation of an interrogation window in the picture of the deformed surface with respect to a reference one. To determine the displacement field of one image of the deformed surface with respect to a reference image, one considers a sub-image that will be referred to as a Zone Of Interest (ZOI). The aim of the correlation method is to match the ZOIs in the two images (Fig. 2) . The displacement of a ZOI with respect to the other one is a two-dimensional shift of an intensity signal digitized by a CCD camera. In practice, two images are considered. The first one, referred to as 'reference image' and the second one, called 'deformed image'. The reference image, schematically shown in Fig. 3 , is meshed by ZOIs that form the region of interest (ROI). The sub-ROI of size 2 P × 2 Q , is extracted from the ROI in the reference image with the largest values of P and Q. First a standard approach can be used (Périé et al., 2002) , which is wellsuited for small strain perturbations. But if displacements are too large, the information in the ZOI of the reference image will be partially lost in the ZOI of the deformed image, i.e., there is not enough information to determine a reliable correction. To use the method in the domain of large strains, as for the case of mineral wool, a large ZOI size should be used, whose main drawback is to average displacements over a larger surface. Yet the aim of a correla- tion calculation is to determine displacement fields at the scale of texture heterogeneities. The maximum measurable displacement for the algorithm to converge to the proper solution has then to be increased. This is achieved by using a multiscale algorithm.
MULTISCALE ALGORITHM
The aim of the multiscale algorithm is to improve the spatial resolution (i.e., to decrease the ZOI size), yet allowing for a large displacement between two consecutive images. The previous approach is recursively applied on images at different scales. First the average strains are deduced from an analysis with images where finer details have been erased (i.e., super-pictures, as shown in Fig. 4 ). To make the evaluation more robust, the interpolated displacements are applied to the analyzed ZOI and re-evaluated until the maximum difference between two iterations is smaller than a chosen value. Details can then be restored in the image (i.e., resolving finer scales) and the displacement interpolation can be used as a first evaluation of the field at the new scale. This procedure is iterated until the scale corresponds to the initial ROI (with all its details). During the last step, the displacement is no longer interpolated and fluctuations, whose amplitudes are greater than the ones that can be reached with the standard approach, can be analyzed. Figure 4 shows the construction of images at different scales. Scale no. 0 corresponds to the considered image and scale no. 1 to the region of interest. Scale no. 2, extracted from the ROI, is determined by the largest values for P and Q so that the corresponding size of the sub-ROI is 2 P × 2 Q (Fig. 3) . From scale no. 3 on, each transition is characterized by the definition of super-pixels. The latter are defined recursively from one scale to the next by averaging the gray levels of 2 × 2 neighboring pixels. This procedure is carried out until the minimum size of the sub-image is equal to 128 pixels. The analysis starts at, say, scale no. 4 and ends at scale no. 1. This allows one to obtain a maximum measurable strain four times larger than the standard approach even if the maximum measurable displacement is still limited , as in the standard approach, only to the coarser scale (here scale no. 4). On artificially deformed images, strains of the order of ±30% can be measured Chevalier and Marco, 2002) between two pictures. When a sequence of more than 2 images is analyzed and when the reference image is updated (i.e., it corresponds to the deformed image of the previous step), there is no real limitation, apart from the fact that errors are cumulated.
CHOICE OF THE CORRELATION PARAMETERS
The aim of this part is to estimate the uncertainty of the correlation algorithm used herein. The displacement and strain uncertainties are estimated when the correlation parameters are modified. To have independent estimates of the displacements in the following analysis, the shift δ is equal to the ZOI size (i.e., δ = 2 n pixels).
First, the displacement uncertainty is estimated. In the present case, a constant displacement of 0.5 pixel is applied artificially by using the shift/modulation property of Fourier transforms (Périé et al., 2002) . The average difference gives an evaluation of the error, and the standard deviation that of the corresponding uncertainty. These properties are associated to the analyzed texture (Fig. 1) . It can be shown that the displacement uncertainty is half that reached when the prescribed displacement is equal to 0.5 pixel (Bergonnier et al., 2004) . Figure 5 shows the displacement uncertainty for different ZOI sizes. The larger the ZOI, the smaller the error. However, if the ZOI size increases, the spatial uncertainty is degraded, i.e., less independent measurement points are obtained.
Second, the strain uncertainty is determined by using the same picture. From the displacement field, in-plane strains are evaluated by using a classical finite differences scheme so that the spatial uncertainty (i.e., the gauge length) is equal to 2 × δ, i.e., 2 n+1 pixels. In all cases, the mean strain is less than 7 × 10 −5 . The strain uncertainty is more sensitive to δ (here equal to the ZOI size) than the displacement uncertainty to the ZOI size (Fig. 5) .
A good compromise for the present study is given by a ZOI size of 16 pixels (i.e., n = 4) for which a displacement uncertainty of the order of 0.03 pixel is achieved. In terms of strains, the corresponding uncertainty is 3×10 −3 with a spatial uncertainty of 32 pixels. It should be remembered that all the results discussed so far were obtained with the same reference picture. When large strains or severe texture variations occur , an updating procedure is preferred. Consequently the uncertainty gradually degrades as the number of analyzed pictures increases. Figure 5 . Displacement and strain uncertainties for different correlation parameters (ZOI size = 2 n pixels, shift δ = 2 n pixels).
Local anisotropy analysis
Detecting the anisotropy of a domain, contained in images, involves an evaluation of the change of gray levels in different directions, the direction where the variation is the least being the principal axis of anisotropy. Since changes in gray levels are to be considered, most methods (Rao, 1990; Germain et al., 2003) are based on the calculation of gradient fields and implicitly assume a smoothness of the image. The method that is presented here does not require any smoothness assumption of the image. This may be an important improvement for images where the anisotropy is provided by very high frequency modes (i.e., fine texture).
Let f (x, y) represent a gray-scale image. The variation of gray levels suggests the use of an L 2 -norm of the finite difference along the e direction
where e x , e y are the components of the vector e. This L 2 -norm can easily be computed for any direction in Fourier space. The total power is preserved in the Fourier transform, and thus
Therefore, introducing the anisotropy tensor T defined as
one observes that
where ':' is the tensorial contraction with respect to two indices. The anisotropy axis appears as the minor eigendirection of the anisotropy tensor T. The anisotropy amplitude can be estimated conveniently through dev(T)/tr(T), where 'tr' designates the trace, and 'dev' the norm of the deviator T−tr(T)I/2.
APPLICATION TO A TEST IMAGE
The method presented above is tested on concentric circles that represent an absolute reference because the true orientation is known at each position in the image. The image size is 512 × 512 pixels, and the size of the zones of interest 16 × 16 pixels. These zones are centered on a regular square grid and the distance between the center of two consecutive zones is 16 pixels as for the DIC analysis (Fig. 3) . In Fig. 6(a) , where only one quarter of the image is shown, a first visual inspection gives a rough evaluation of the adequation between real orientations and estimates. Figure 6 (b) shows the differences between the determined and true orientations as a function of the angle. The 0 • angle corresponds to a horizontal orientation. The RMS error or resolution is 0.63 • .
APPLICATION TO CRIMPED GLASS WOOL
The method is then applied to the determination of the texture orientation of a crimped glass wool sample. A special strategy has been used to limit the influence of edge effects (Bergonnier et al., 2005) . For such an image (Fig. 1 it is to be noticed that there is a very fine texture, with a very difficult partition between noise and information carrying signal. Moreover, if anisotropy is clearly marked, the coherence length is rather short, and the pattern appears as circumvoluted. This is thus a very severe test of the proposed method. In Fig. 7 , the texture orientation corresponding to the crimped glass wool sample (Fig. 1) is presented. A discontinuity of the orientation between the upper and the lower parts of the sample can be observed, with a 50 • orientation for the upper part and a −50 • orientation for the lower part. The fact that the texture is very fine can also be observed in Fig. 7 where the variations in the orientation field can be important from one ZOI to its neighbors. If the local texture of the sample has to be linked with the mechanical response of the sample to a compression test, the DIC method will enable one to compare the strain field and the initial orientation field by using the same calculation points.
Experiments: Uniaxial compression test on crimped glass wool
The compression test reported herein is displacement-controlled (or equivalently, the global strain ǫ is controlled; it is defined as the ratio of the displacement between the two platens divided by the initial height of the sample). A uniaxial compression (in the 1-direction) up to −20% global strain is applied on parallelepipedic samples, whose dimensions are 200 × 200 × 80 mm 3 , 80 mm being the height of the sample (Fig. 1) . For the test, images of the sample illuminated with direct light have been taken for different global strain levels (with −1% increments in compression).
The result of the test is shown in Fig. 8 . The "plastic" regime suggests the existence of heterogeneous strains. This implies to study the strain field of the material with a good spatial resolution. In Fig. 9 , initial texture orientation and nominal strain fields are shown. For the latter, the analyzed kinematic quantity is evaluated for a reference given prior to the beginning of the experiment. The ZOIs used for the calculation correspond to the ZOIs used for the local anisotropy analysis. The calculation, performed with ZOIs of size 16 × 16 pixels with a 16-pixel shift δ, corresponds to the component ǫ 11 for different global strain levels with an adaptive scale, namely, −5% for Fig. 9(b) , −7% for Fig. 9 (c), −10% for Fig. 9 (d) and −15% for Fig. 9 (e), respectively. In Fig. 8 , the corresponding points are located in the elastic domain, at the end of the elastic domain, at the beginning of the "plastic" domain and where the "plastic" domain is well-defined. For the calculation of the strain fields the same filtering as for the anisotropy analysis has been applied. Within the elastic domain (Fig. 9(b-c) ) a first strain localization zone can be identified that seems to traverse the sample. For a −10% global strain level ( Fig. 9(d) ), strain heterogeneities can well be observed at the surface of the material and a well-marked localized zone appears that correspond to the first zone identified in Fig. 9(b-c) . For −15% global strain level, strain fluctuations appear around the previously observed localized zone. The strain localization zone corresponds to a band that traverses the surface of the sample. If the orientation map ( Fig. 9(a) ) is compared to the strain fields, one can observe that the discontinuity in the orientation field is located where strain localization band occurs. The well-marked discontinuity zone on the left part of the material corresponds to where the first strain localization zone can be observed at early stages within the elastic domain (Fig. 9(b-c) ).
Conclusion
First, a multiscale approach of the displacement and strain fields identification has been presented. The algorithm increases both the robustness and the maximum measurable displacement and strain between two consecutive images. This technique is well-suited to analyzing compression tests carried out on crimped glass wool samples.
Second, an image analysis tool has been introduced to determine the local anisotropy of an image. This approach gives access to the orientation field of an image. Validated on an artificial case, it was then applied on a crimped glass wool sample picture.
The results of a compression test on a crimped glass wool sample are studied. The DIC technique enables one to identify strain heterogeneity zones, and then strain localization bands. If both methods, DIC and local anisotropy analysis are coupled, the discontinuity zone in orientation can be linked to the localization bands in the strain field.
The correlation technique applied to crimped glass wool shows the change of macrostructure during the test. A further development is to characterize the change in the local orientation by the presented method and to relate it to strain localization. 
